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Abstract. In this paper an issue of local damage detection in a rolling element bearing is discussed. 
The bearing operates in a hummer crusher, thus the vibration signal acquired on the housing 
contains a lot of impacts that originate in various sources. In the case of local damage detection it 
is crucial to find a set of cyclic impulses in the signal. These impulses are informative, in spite of 
impulses related to the crushing process, which are non-informative. In order to find the damage 
signature we provide feasibility study on a tool based on cyclostationary approach, namely cyclic 
spectral coherence. This comprehensive analysis includes study on four different signals from 
bearings in various condition and operating with or without load applied. This analysis is preceded 
by motivating preliminary analysis where we examine a few widely-used methods for local 
damage detection. 
Keywords: rolling element bearing, damage detection, cyclostationary analysis, impulsive noise. 
1. Introduction 
In the literature related to machine diagnostics a problem of rolling element bearing 
diagnostics is widely investigated. Classical methods based on analysis of a vibration signal 
include time domain detectors (kurtosis, crest factor, peak-to-peak, RMS, non-Gaussianity 
detectors, etc. [1-6]) or envelope analysis (in both time and frequency domain [7, 8]). More 
advanced analysis are of the utmost importance when, for instance, the machine is complex [9], 
the damage is on early stage of development [10, 11], or there are other sources of the signal that 
contaminate the damage signature (including another damage) [12, 13]. In such cases one can 
benefit from signal decomposition (time-frequency analysis, e.g. spectrogram, Wigner-Ville, 
ARgram, etc. [14-17]), modeling (ARMA, TARMA, ARMAX, etc. [18-21]), filtering (including 
adaptive filters [1, 3, 22-24]) or other processing (e.g. EMD [25, 26]). In this paper we investigate 
the problem of local damage detection in rolling element bearings that operate in a hummer 
crusher. The most critical issue associated with this problem is presence of non-informative, 
impulsive noise in the vibration signal. The crusher is a machine operating in a mineral processing 
plant and it crumbles material into smaller pieces. When the load is applied, material stream is 
processed by the crusher and a lot of impacts not related to damage occur. Therefore, diagnosis of 
this machine is difficult due to additional, wideband source of vibrations. On the other hand, 
diagnosis of the machine in the idle mode might be not accurate due to the fact that resonance 
frequencies are not excited there. The problem of impulsive noise is relevant when industrial data 
is processed, e.g. in jet engines, gas compressors or in belt conveyor pulleys and other mining 
machines [6, 13, 27]. In the crusher, impacts occur very frequently and are randomly spaced in 
time. For specific granulation of material stream, temporary amplitude of the signal measured on 
the bearing housing might be even several times larger than usually. Thus, it is crucial to 
distinguish between informative (related to damage) and non-informative (related to crushing 
process) impulses. In this paper we comprehensively analyze benefits from cyclo-stationary 
approach. This approach seems to be very promising from theoretical point of view, because cyclic 
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or non-cyclic occurrence certainly is a feature that distinguishes two kinds of impacts present in a 
vibration signal from the crusher [28]. A feasibility study on application of cyclic spectral 
coherence map is the key point of this paper. The analysis includes also preliminary investigation 
on application of time-domain indicators and time-invariant filtering. 
The paper is organized as follows: Section 2 contains description of the experiment performed 
on a hummer crusher and a general information about this machine. Preliminary analysis of 
vibration signals from the crusher are presented in Section 3. Section 4 contains analysis using a 
cyclostationary tool, namely cyclic spectral coherence. The last section contains conclusion. 
2. Description of the experiment 
Vibration signals analyzed is this paper are acquired during an experiment on hummer crushers 
that operate in a mineral processing plant (Fig. 1). During the experiment 33 signals have been 
acquired. Duration of the signals varies from 50 to 190 s. Such long measurements are motivated 
by the fact that crushers operate under different load conditions, thus a long measurement might 
cover different load conditions, including idle state. Amplitudes of the vibration signals from 
different crushers are different. Probable reason of that is different lifetime and ordinary 
degradation processes (wear). It has been noticed that during single measurement, amplitude of 
vibration varies (with respect to load), thus, larger amplitudes might not indicate a damage. The 
crusher is a machine designed to crumble material into small pieces using hummers mounted on 
a shaft. As the hummers are in contact with the material stream, a lot of impulses occur. The 
impulses are transmitted through the shaft to the bearing and the accelerometer located on the 
bearing’s housing. Some impulses also appear when the material stream enters the crusher. Thus, 
the vibration signal acquired on the bearing housing is consisted not only of the signal related to 
rotation of the rolling element bearing (with shaft harmonics), but it contains also impulses related 
to the specific operation of the machine (crushing), and, possibly, impulses related to local  
damage. The latter impulses are cyclic, due to approximately constant rotational speed during the 
measurement. 
 
Fig. 1. A crusher – general view. Note bearings with yellow housing and location of the sensor  
(yellow rectangle with red dot in the center) 
Vibration signals have been acquired in horizontal and vertical directions using Endevco 
accelerometers, shaft speed were measured using BruelKjaer Laser probe, a data acquisition 
system was established on NI DAQ card and Labview Signal Express. Sampling frequency of 
vibrations signals is 25 kHz. The analyzed vibration signals are 10 s parts of the whole 
measurements. Rotational speed during these parts of the signals might be assumed as 
approximately constant. Characteristic frequencies of the bearing are presented in Table 1. In the 
vibration signal one can see high-energy components from rotating shaft and from other sources 
(machines located nearby). Torque of the engine is being passed through belt transmission to the 
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crusher. The considered bearings are 23264 SKF. Due to the analysis presented in Section 4 the 
inner race of one bearing reveals a local damage. As a reference, we also analyze signals from 
healthy machines and present results obtained for both healthy and damaged bearings. 
Table 1. Bearing frequencies: 23264 CCK/W33 
No Description Value / unit 
1 ݊௜ – Rotational speed of the inner ring 180 r/min 
2 ݊௘ – Rotational speed of the outer ring 0 r/min 
3 ܨ௜ – Rotational frequency of the inner ring 3 Hz 
4 ܨ௘ – Rotational frequency of the outer ring 0 Hz 
5 ܨ௖ – Rotational freq. of the rolling element and cage assembly 1.3 Hz 
6 ܨ௥ – Rotational freq. of a rolling element about its own axis 10.6 Hz 
7 ܨ௜௣ – Over-rolling frequency of one point on the inner ring 30.7 Hz 
8 ܨ௘௣ – Over-rolling frequency of one point on the outer ring 23.3 Hz 
9 ܨ௥௣ – Over-rolling frequency of one point on a rolling element 21.1 Hz 
3. Motivation 
Due to different load conditions, amplitudes of the vibration signal might vary in time. This 
phenomenon is presented in Fig. 2. Low amplitudes (here: lower than 0.5 m/s2) are related to 
operation under no load. Larger amplitudes (here: approx. 2 m/s2) are related to operation under 
load. For certain types of granulation the amplitudes might reach level over 5 m/s2 (Fig. 2(c)). 
When the crushing process is finished, the amplitudes suddenly drop (Fig. 2(a), ݐ = 65 s). 
 
a) 
 
b) 
 
c) 
Fig. 2. Exemplary raw vibration signals acquired during operation of the crusher.  
Note time-varying amplitudes that depend on volume of load and granulation 
Fig. 3 presents signals analyzed in the paper. They are 10 s parts of the whole measurements. 
Such length of the signal is sufficient for damage detection in a bearing with characteristic 
frequencies given in Table 1. In order to provide comprehensive analysis we investigate 4 signals: 
2 from locally damaged bearing (idle and load condition – Fig. 3(a), (c)) and 2 from healthy 
bearings (idle and load – Fig. 3(b), (d)). As it was mentioned, amplitudes of signals from machines 
depend on their condition as well as load applied to the machine, thus, amplitudes of raw signals 
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cannot be considered as a diagnostic symptom. One can see that both signals from machines that 
operate under load are spiky (kurtosis 5.6126 and 4.1875 for damaged and healthy bearing, 
respectively). Signals that have been acquired during idle state do not indicate presence of spikes 
(kurtosis 3.1602 and 3.0378 for damaged and healthy bearing, respectively). Signals presented in 
Fig. 3(a), (c) have been acquired during one long measurement, thus it can be noticed that 
amplitudes raise several times when load is applied. 
 
a) Kurtosis 5.6126 
 
b) Kurtosis 4.1875 
 
c) Kurtosis 3.1602 
 
d) Kurtosis 3.0378 
Fig. 3. Time series 10 s parts of vibration signals acquired during operation under load (a), b)) and under 
no load (c), d)). Panels a) and c) represents machine with locally damaged bearing.  
Panels b) and d) represent the healthy machine 
Spectrograms of the analyzed signals are presented in Fig. 4. One can notice different 
frequency content for every of four signals. The signal from the bearing with inner race damage 
operating under load (Fig. 4(a)) contains a lot of impulses that are indicated as wideband 
excitations of the frequency range. One can see also that the most of energy is contained in 
frequency band up to 10 kHz and the resonance frequency is slightly below 8 kHz. The signal 
from the same machine, but acquired under no load has different frequency content. Large energy 
is indicated only in the lowest frequency bands (up to 1 kHz) and close to 8 kHz. Spectrogram 
from the signal acquired on the machine in healthy condition and operating under load (Fig. 4(b)) 
contains wideband excitations, as in Fig. 4(a), but most of the energy is contained in the lowest 
frequency bins (below 1 kHz) and close to 5 kHz. Above 9 kHz the level of energy is very low. 
Fig. 4(d) presents time-frequency representation of the signal from a healthy machine that operates 
in the idle state. Highest amplitudes are observed up to 4 kHz and close to 8 kHz. In conclusion, 
analysis of time time-frequency domain signals provided above cannot be a base for damage 
detection. Larger amplitudes might be related to longer total operating time of machines and 
impulsiveness might be a result of specific way of operation of hummer crushers when the material 
stream is being processed. Thus, we check envelope spectra of the raw signals from Fig. 3 for 
presence of harmonics related to the local damage. The envelopes are obtained using the Hilbert 
transform and their spectra are depicted in Fig. 5. Set of harmonics related to the fault frequency 
of 30 Hz is not indicated in any of the envelope spectra. One 30 Hz harmonic is presented in 
Fig. 5(c) (damaged, idle state), but its amplitude is comparable to the level of noise. Thus, damage 
detection cannot be performed even upon envelope spectrum of the raw vibration signal. 
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a) 
 
b) 
 
c) 
 
d) 
Fig. 4. Spectrograms of 10 s parts of vibration signals acquired during operation under load (a), b)) and 
under no load (c), d)). Panels a) and c) represent machine with locally damaged bearing.  
Panels b) and d) represent a healthy machine 
 
a) 
 
b) 
     
c) 
     
d) 
Fig. 5. Envelope spectra of 10 s parts of vibration signals acquired during operation under load (a), b)) and 
under no load (c), d)). Panels a) and c) represent machine with locally damaged bearing.  
Panels b) and d) represent a healthy machine 
1589. IDENTIFICATION OF CYCLIC COMPONENTS IN PRESENCE OF NON-GAUSSIAN NOISE – APPLICATION TO CRUSHER BEARINGS DAMAGE 
DETECTION. JAKUB OBUCHOWSKI, RADOSLAW ZIMROZ, AGNIESZKA WYLOMANSKA 
 © JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. MAY 2015, VOLUME 17, ISSUE 3. ISSN 1392-8716 1247 
 
a) 
 
b) 
 
c) 
 
d) 
Fig. 6. Spectral kurtosis of 10 s parts of vibration signals acquired during operation under load (a), b)) and 
under no load (c), d)). Panels a) and c) represent machine with locally damaged bearing.  
Panels b) and d) represent a healthy machine 
 
a) 
 
b) 
    
c) 
   
d) 
Fig. 7. Envelope spectra of SK-filtered of 10 s parts of vibration signals acquired during operation under 
load (a), b)) and under no load (c), d)). Panels a) and c) represent machine with locally damaged bearing. 
Panels b) and d) represent a healthy machine 
One of the most widely-used local damage detection is spectral kurtosis [1-3, 24]. It is based 
on the fact that in the case of local damage a set of spikes is present in a vibration signal. This set 
of spikes might be located in a certain frequency band (called informative frequency band, IFB) 
and other frequency band might contain non-informative, high-energy components. Thus it is 
worth to analyze each frequency bin from the spectrogram in order to evaluate its impulsiveness. 
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One of such indicators is kurtosis, but in the literature one can find other, based on various 
statistical features [6, 29]. Plots of spectral kurtosis (excess of kurtosis over 2) of signals from 
Fig. 3 are presented in Fig. 6. Each plot indicated different frequency band as informative. It is 
worth to notice that the spectral kurtosis corresponding to machines operating under load is, in 
general, larger than SK for machines in idle mode. There is one exception from that rule – SK for 
the signal from damaged machine (Fig. 6(c)) in idle state is large (above 6) in frequency band 
between 2 and 3 kHz. Outside this band SK is lower than 0.5 and comparable to SK corresponding 
to the healthy machine in idle mode (Fig. 6(d)). SK for signals from machines operating under 
load is significantly larger than 1 and at certain frequency bins is larger than 2. Such values of SK 
are surely significant, thus it is worth to analyze signals filtered by using frequency characteristics 
given by SK. 
Envelope spectra of signals filtered using SK are presented in Fig. 7. Similar to Fig. 5, set of 
30 Hz harmonics cannot be noticed in any of these plots. This yields to the conclusion that all of 
the informative frequency band indicated by SK in Fig. 6 are not related to any set of cyclic 
impulses. Thus, we propose to investigate the signals not using envelope spectrum nor spectral 
kurtosis, but an approach based on cyclostationarity. 
4. Analysis of cyclostationarity in presence of impulsive noise 
The signal from a faulty bearing is an amplitude modulated signal with an impulsive and cyclic 
function as the modulation function. Such signals are called second-order cyclostationary (also 
periodically correlated, PC). Cyclostationary processes have found their application in many  
fields, including meteorology [30], hydrology [31], economics [32] and, finally, diagnostics of 
machines [33]. A signal ݔ(ݐ)  is called cyclostationary with period ܶ  if its mean and auto-
correlation functions satisfy the following properties: 
݉(ݐ) = ܧ൫ݔ(ݐ)൯ = ݉(ݐ + ܶ),
ܴ௫(ݐ, ݏ) = ܥ݋ݒ൫ݔ(ݐ), ݔ(ݏ)൯ = ܴ(ݐ + ܶ, ݏ + ܶ), (1)
for ݐ, ݏ ∈ ܼ and ܶ is the smallest constant satisfying these equations [34]. This yields that both 
mean and the autocorrelation function of a cyclostationary process are periodic with the period 
equal to ܶ. In the case of second-order cyclostationarity, only the instantaneous auto-correlation 
function is restricted to be periodic with respect to the first argument, i.e.: 
ܴ௫(ݐ, ߬) = cov{ݔ(ݐ), ݔ(ݐ − ߬)} = ܴ௫(ݐ + ܶ, ߬). (2)
Fourier expansion of the auto-correlation function of a PC process is: 
ܴ௫(ݐ, ߬) = ෍ ܴ௫ఈ೔(߬) ⋅ ݁௝ଶగఈ೔௧
ఈ೔∈௮
, (3)
and the Fourier coefficients ܴ௫ఈ೔(߬)  are called cyclic auto-correlation functions or 
cyclo-correlation functions of signal ݔ(ݐ) . Fourier transform of the cyclic auto-correlation 
function for a cyclic frequency ߙ௜ is known as the cyclic power spectrum (cyclo-spectrum) [35]: 
ܵ௫஑೔(݂) = FT{ܴ௫஑೔(߬)}, (4)
where FT denotes the Fourier transform. 
A set of cyclic power spectra for all of the cyclic frequencies ߙ௜ ∈ ܣ  is called spectral 
correlation and is defined as [36]: 
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ܵܥ ೣఈ(݂) = ෍ ܵ௫ఈ೔(݂)
ఈ೔∈௮
ߜ(ߙ − ߙ௜). (5)
Normalized counterpart of the spectral correlation is called cyclic spectral coherence (CSC) 
and it is defined as follows [36]: 
ߛ௫ఈ =
ܵܥ௫ఈ(݂)
ටܵܥ௫଴ ቀ݂ + ߙ2ቁ ܵܥ௫଴ ቀ݂ −
ߙ
2ቁ
. (6)
 
a) 
 
b) 
c) 
 
d) 
Fig. 8. Cyclic spectral coherence of 10 s parts of vibration signals acquired during operation under load (a), 
b)) and under no load (c), d)). Panels a) and c) represent machine with locally damaged bearing.  
Panels b) and d) represent a healthy machine 
Fig. 8 illustrates application of CSC to all of the previously analyzed 10 s parts of 
measurements that represent vibrations of healthy and faulty bearing, with and without load 
applied. All of the maps contain a certain level of correlation at cyclic frequency ߙ = 3.4 Hz. 
Since presence of this modulation frequency does not depend on condition of the bearing or load 
of the machine, it cannot be considered as an informative feature. Moreover, such modulation 
frequency is not present in Table 1. From the diagnostic point of view the most interesting feature 
of bi-frequency planes in Fig. 8 is presence of 30 Hz harmonics. These harmonics are present only 
in the CSC related to the signal from faulty bearing that operates under load (Fig. 8(a)). One can 
easily see 3 multiplies of 30 Hz, i.e. 30, 60 and 90 Hz. This indicates presence of impulsive 
amplitude modulation in the vibration signal. Spectral frequencies corresponding to these 
harmonics are mainly between 4 and 11 kHz. CSC in Fig. 8(c) indicates similar spectral frequency 
as SK, i.e. 2-3 kHz (Fig. 6(c)), but not a single harmonic nor a set of harmonics’ multiples are 
indicated (except 3.4 Hz harmonics discussed above). In Fig. 8(b) one can see similar phenomenon 
as in Fig. 8(c), i.e. several spectral frequencies are indicated, but not at single cyclic frequencies 
– these spectral frequencies have large values at almost every cyclic frequency. Similarly, larger 
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values of CSC in Fig. 8(d) are revealed only at spectral frequencies slightly lower than 4 kHz, 
close to 4.5 kHz and at the lowest frequencies, namely below 500 Hz. Such relation between SK 
and cyclostationarity is consistent with the cutting-edge result presented in [36]. 
5. Conclusions 
In the paper a comprehensive analysis of cyclic spectral coherence (CSC) in order to find 
damage signature in bearing operating in a hummer crusher is presented. The main problem 
addressed in the analysis is to detect an inner ring local damage in presence of high impulsive 
noise. Such contamination is related to specific operation of the hummer crusher – when the load 
is applied and material stream enters the crusher a lot of impacts appear. Such contamination 
influence widely-used damage detection methods, like envelope analysis or spectral kurtosis. 
Harmonics of the fault frequency are not present even in the envelope spectrum of the signal 
filtered using SK. A solution to this problem is based on the fact that, among two impulsive 
sources of the signal, one is cyclic (local damage) and the second one is non-cyclic (material 
stream). Thus, a cyclostationary tool, namely cyclic spectral coherence, distinguish between two 
different kinds of impulsive noise and clearly indicates a set of fault frequency harmonics. Such 
damage signature is present only in the part of the measurement that represents vibrations of a 
faulty machine with load applied. Another part of the same measurement, but related to the idle 
state, does not contain fault frequency harmonics, even in the cyclic spectral coherence. Signals 
from healthy bearings does not contain any amplitude modulation related to one of the 
characteristic frequencies. Although, CSC indicates the impulsive non-cyclic noise for all of the 
signals. Such feature is demonstrated by relatively large values of CSC at specific spectral 
frequency and at almost every cyclic frequency. 
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